Abstract: Infrared face recognition, being light-independent, and not vulnerable to facial skin, expressions and posture, can avoid or limit the drawbacks of face recognition in visible light. This paper proposes an infrared face recognition method based on Local Binary Pattern (LBP) co-occurrence matrix. In traditional LBP-based features such as LBP histogram, space locations information, which is an important feature for recognition, is discarded. Considering such spatial relations in infrared faces, we introduce co-occurrence matrix of LBP codes, instead of histogram, to obtain more discriminative representation for location features. To cope with the high dimensions of LBP co-occurrence matrix, the final classifier formulates Partial Least Squares (PLS) regression for accurate classification. The experimental results show combination of LBP co-occurrence matrix and PLS achieve better infrared face recognition performance compared to state-of-the-art approaches.
Introduction
Despite vast research, face recognition is still a challenging problem because of the fact that intra-person dissimilarities often exceed the inter-person dissimilarities in the presence of view point and illumination variations (Tsishkou et al., 2007) . Most of the current research is based on the facial appearance captured by the 2D greyscale or RGB face images usually acquired in the visible spectrum. Compared with the traditional grey and colour face imaging, infrared imaging can acquire the intrinsic temperature information of the skin, which is robust to the impacts of illumination conditions and disguises (Wu et al., 2008a; Li et al., 2006) . Infrared face recognition is an active research area during the last years. However, the challenges of infrared face recognition mainly come from the external environmental temperature, low resolution and other factors (Wu et al., 2008b; Hermosilla, 2012) . Based on the property of infrared face image, exploring a robust feature extraction method is a key step in infrared face recognition system. Many feature extraction methods are proposed for infrared face recognition (Li et al., 2007) . Those methods are mainly divided into two categories: holistic extraction methods and local extraction methods (Hua et al., 2008) . Owing to low resolutions of infrared face image, the local feature extraction is more appreciated for infrared face feature extraction, which can be used to get more local discrimination information. In 2006, the method based on Local Binary Pattern (LBP) was applied to infrared face recognition by Li et al. (2007) , which get a better performance than statistical methods such as PCA and LDA. LBP has received noticeable attention over the past few years (Ahonen et al., 2006; Ojala et al., 2002; Zhang et al., 2007) . LBP encodes the relative intensity magnitude between each pixel and its neighbouring pixels, which can describe the micro-patterns of the image such as flat areas, spots, lines and edges. The main advantage of this approach lies in the robustness of LBP to monotonic photometric changes and in its computational simplicity (Ojala et al., 2002) . Since the impact of external environmental temperature on infrared face image is almost a monotonic transform, the LBP can improve the performance of infrared face recognition under different environmental situations.
Owing to robustness of LBP, many LBP varieties (LTP, CS-LBP, LDP) have been proposed to improve the original LBP Jabid et al., 2010; Zheng et al., 2010; Tan and Triggs, 2010; Song et al., 2010) . Most of these studies are based on histogram representation of the efficient local micro-patterns (Fu and Wei, 2009; ). However, spatial relations among the LBP codes are mostly discarded during the LBP histogram generation process, because the LBP codes are forcably packed into a single histogram, resulting in the loss of spatial location information (Watanabe et al., 2009; Nosaka et al., 2011; Qi et al., 2013; Xie et al., 2011) . Co-occurrence matrix is often used to extract information related to spatial structures in various local region-based features (Nosaka et al., 2011) . To consider the spatial relation among LBP codes, we introduce the concept of co-occurrence matrix to represent the statistical distribution of LBP micro-patterns. Therefore, LBP co-occurrence matrix not only preserves great invariance to environmental temperature, but also greatly enhances the discriminative power of the descriptor.
LBP co-occurrence matrix produces very high-dimensional features; thus, it is intractable to use it for classic nearest neighbour classifier (Yan et al., 2013) . It is interesting to find out discriminative information in high-dimensional LBP cooccurrence matrix representation.
Partial Least Squares (PLS), based on the principle of statistical learning, is widely used in chemometrics and bioinformatics (Schwartz et al., 2010; Sharma and Jacobs, 2011) . To tackle the high dimensions of LBP co-occurrence matrix, PLS regression is applied to reduce the dimensions of features for final classifier (Choi et al., 2012) . This paper is organised as follows: Section 2 introduces the principle of LBP co-occurrence matrix algorithm. Section 3 introduces PLS classifier. Section 4 presents the experimental results including the methods in the comparison study. Section 5 gives the conclusions of the paper.
LBP co-occurrence matrix representation
LBPs were introduced by Ojala et al. (2002) as fine scale texture descriptor. Ever since then LSP has been widely used in biometrics for face recognition, face detection, facial expression recognition, gender classification, iris recognition and infrared face recognition. In its simplest form, an LBP description of a pixel is created by threshold the values of the 3 × 3 neighbourhood of the pixel against the central pixel and interpreting the result as a binary number. The basic idea of this approach is demonstrated in Figure 1 . LBP code for centre point g c can be represented as:
where ( , ) c c x y is the coordinate of the central pixel, g c is the grey value of the central pixel, g i is the value of its neighbours, P is the total number of involved neighbours and R is the radius of the neighbourhood. The parameters (P, R) can be (8, 1), (8, 2) and (16, 2) etc. The dimension of histogram from LBP codes (LBPH) is 2 P . In this paper, the parameters (P, R) are (8, 1). 
where the value r ranges from 0 to 2 P -1. As can be seen in equation (4), spatial location information of micro-patterns is lost.
For images representation, there always exists high correlation between the spatially adjacent regions. Spatial co-occurrence of two local features could provide much more information than their individual occurrences without any spatial relationships. Thus, effectively capturing such correlation could greatly boost the discriminative power of the descriptor (Watanabe et al., 2009) .
Grey-level co-occurrence matrix (Nosaka et al., 2011 ) is firstly proposed to calculate co-occurrence of pixel values, but it is sensitive to monotonic photometric changes (external environmental temperature impact on infrared face images). Fortunately, the external environmental temperature change does not change the relative intensity magnitude in LBP. However, the discriminative power of LBP is limited by its small described points and histograms (Qi et al., 2013) . In this paper, we propose to capture co-occurrence matrix of LBP to boost the discriminative power of the feature. The cooccurrence matrix of LBP could be defined as:
where p(A) and p(B) are the LBP codes of spatial position A and position B individually, Co(p(A), p(B)) means the cooccurrence statistical operator. A visual illustration of spatial co-occurrence matrix of LBP is shown in Figure 2 . As is known, co-occurrence matrix configurations have direction and distance. Our LBP co-occurrence matrix configurations of is the horizontal direction with one-pixel distance between the positions A and B. 
Partial least squares classifier
Since computing the LBP co-occurrence matrix in the infrared face results in a large number of descriptors, we use a supervised dimensionality reduction technique called PLS to find a much smaller number of discriminative factors. PLS is a supervised learning method that models linear relations between sets of independent variables and response variables via an intermediate latent space. PLS models relations between sets of observed variables by means of latent variables. In its general form, PLS creates orthogonal score vectors by maximising the covariance between different variable sets (Sharma and Jacobs, 2011) . Let c be the number of subject classes contained in the training database and shows the membership of k-th class. z ij is defined as a binary vector having 1 at the k-th index and zeros otherwise. PLS decomposes matrices G f and Z into the form
where B and U are the matrices containing the extracted latent vectors, the matrices P and Q represent loadings, and the matrices E and F are the residuals. Based on the Nonlinear Iterative Partial Least Squares (NIPALS) algorithm (Choi et al., 2012) , PLS finds weight vectors p and q such that
where b and u are the column vectors of B and U respectively and cov(b,u) is the sample covariance. The regression coefficients between the two sets of variables Gf and Z can be estimated by PLS regression formulation (Schwartz et al., 2010)  
Using W, we can predict labels of the query feature vector f t 
The proposed infrared recognition method
In this section, the detailed realisation of infrared face recognition based on LBP co-occurrence matrix and PLS is introduced. The main steps in our method are:
Stage 1: Infrared face detection and normalisation. After normalisation, the value of infrared face data ranges from 1 to 255 and the size of infrared face image is the same.
Stage 2: The LBP is applied on normalised infrared face image to get LBP code.
Stage 3: Without the partition, LBP co-occurrence matrix proposed in Section 2 is applied to build the discriminative representation.
Stage 4: Following one column by one column, LBP co-occurrence matrix can be converted into the histogram representation.
Stage 5: PLS is used to find a much smaller number of discriminative factors in the histogram features of Stage 4. The nearest neighbourhood metric-based dissimilarity of final features between training data sets and test face is employed to perform the classification task (Yan et al., 2013) . 
Experimental results
The recognition rate of proposed infrared face recognition method for same-session data is shown in Figure 5 . It can be seen from Figure 5 that our proposed infrared face recognition method can get the highest recognition rate (99.2%) when the number of PLS bases is 109. The PLS is effectively to reduce and discriminate local information in infrared face images. To verify the effectiveness of the proposed features extraction method for infrared face recognition, the three existing features extraction algorithms used for comparisons include traditional LBP histogram with different partition modes (Xie et al., 2011) , PCA+LDA (Hua et al., 2008) .
The recognition results for the same-session data and elapse-time are demonstrated in Table 1 . It can be seen from Table 1 that co-occurrence matrix method can improve the recognition performance of traditional LBP histogram. As shown in Table 1 , for infrared face recognition, the methods based on local feature outperform the method based on PCA and LDA, especially in the elapse-time data. Therefore, LBP co-occurrence matrix not only preserves great invariance to environmental temperature, but also greatly enhances the discriminative power of the descriptor. Table 1 The recognition rate of different methods 
Methods

Conclusion and future work
The conventional LBP-based feature as represented by the LBP histogram still has room for performance improvements. Spatial co-occurrence of local features could enrich the descriptive power and boost the discriminative power of the descriptors. This paper proposes a simple and effective feature based on capturing spatial co-occurrence of LBP codes. PLS is applied to extract discriminative features from local area information. Our experiments illustrate that the combined LBP co-occurrence matrix and PLS is effective in extraction the discrimination information; and the performance of the proposed infrared face recognition method outperforms the traditional LBP histogram and PCA+LDA methods.
